Abstract: This study is focused on the application of Genetic Algorithm (GA) as an effective tool for modeling the operation of a multi-purpose reservoir with specific emphasis on Jebba Hydropower Dam, Nigeria. The specific objectives are to study the reservoir operation rule; model the reservoir parameters such as inflow, elevation, turbine release, generating head, energy generation, tailrace water level and plant coefficient. Available Data for 27-year period was obtained from the Dam Station for statistical analysis. MATLab software for GA was used, and for comparison and check, another similar optimization software (LINGO) was utilized. The optimal solution obtained at operating performance of 50% reservoir inflow reliability has total annual energy generation of 42,105.63MWH. GA for the total annual energy generation at operation performance of 95, 90 and 75% reservoir inflow reliability are 15,964.48 MWH, 21,009.53 MWH and 20,798.58 MWH, respectively. The application of GA will lead to a more realistic and reliable optimal value for the improvement of hydroelectric power generation and flood management, which would guide decision makers in the hydropower sector.
Introduction
Jebba Hydropower Dam (JHD) has been performing below 30% of power efficiency (Jimoh, 2009) . This is because hydrological issues such as inter-annual and seasonal variations in inflow to the reservoir affect the volume of water available for operating the turbines (Mythili, Devi, Raviteja, & Kumar, 2013) . Sometimes, the water volume in the reservoir is low. At other times, the reservoir is full without sufficient capacity to receive high inflow during the peak of rainy season in August or September, which results in flooding of downstream section of the reservoir (Olukanni, Adejumo, Adedeji, & Salami, 2016; Olukanni & Salami, 2008 . Despite the hydrological challenges, the JHD is expected to generate electricity at pre-determined level throughout the year, and control downstream flooding for economic, environmental and social benefits. The initial goal requires water level in the reservoir to be as high as possible, while the latter objective requires the water level to be low prior to the arrival of high inflow. However, there is conflict between these two objectives during the pre-flooding season. Most reservoir are presently for multiple purposes, which includes drinking water supply, hydropower, irrigation, aquaculture, low-flow augmentation, navigation etc. Nagesh Kumar, Baliarsingh, and Srinivasa Raju (2010) expressed that multipurpose flood control reservoir is more difficult to operate because it requires an optimized operation to maximize its benefits.
Reservoir Operation (RO) has the potential to alter flow regimes, fix river shape or separate river channels from its flood plains under new flow and sediment regimes (Olukanni & Salami, 2012) . The need for sustainable development has brought to light the importance of addressing the negative consequences of flood control and protective measures on natural flow regimes that have the potential to threaten human security, including life and livelihoods, food and health security (Bosona & Gebresenbet, 2010) . In the case of a reservoir built for flood control, a consistent relationship between impoundment and change in flow variables can be expected (Batalla, Gómez, & Kondolf, 2004) . However, for a reservoir built for irrigation and hydroelectric generation, the relation is expected to be strident because flood reduction normally would not be the main purpose (Walker, 1985) . In many cases, the purposes of flood control and hydropower generation requirement are regarded as being important in the determination of control strategies for reservoirs.
RO is a complex problem that involves numerous hydrological, technical, economical, environmental, institutional and political considerations (Mythili et al., 2013) . It also involves many decision variables, multiple objectives as well as considerable risk and uncertainty (Reddy & Kumar, 2006) . In addition, the conflicting objectives lead to significant challenges for operators when making operational decisions; hence its operation can involve complicated hydrologic, environmental and economic constraints with conflicting management objectives (Wang, Yuan, & Zhang, 2004) . Traditionally, reservoir operation is based on heuristic procedures, embracing rule curves and subjective judgments by the operator. In this case, general operation strategies are provided for reservoir releases according to the current reservoir level, hydrological conditions, water demands and the time of the year (Olukanni et al., 2016) . Established rule curves, however, do not allow a finetuning (and hence optimization) of the operations in response to changes in the prevailing conditions. Therefore, it would be valuable to establish an analytical and more systematic approach to reservoir operation. This is not based only on traditional probabilistic/stochastic analysis, but, also on the information and prediction of extreme hydrologic events and advanced computational technology in order to increase the reservoir's efficiency for balancing the demands from the different users (Olukanni et al., 2016) .
Many mathematical models have been developed; however, researchers are still not fully satisfied with them as new problems such as high dimensionality are coming up (Mathur & Nikam, 2009; Otti & Nwafor, 2012) . Applying optimization techniques for reservoir operation is not a new idea. Various techniques have been applied in an attempt to improve the efficiency of reservoir(s) operation. The choice of techniques usually depends on the reservoir specific system characteristics, data availability, the objectives specified and the constraints imposed (Bosona & Gebresenbet, 2010) . Mathur and Nikam (2009) in a state of art review on optimal operation of multi-reservoir system highlighted different optimization models suitable for high-dimensional, dynamic, nonlinear and stochastic characteristic of reservoir system. These techniques include Dynamic Programming (DP) (Otti & Nwafor, 2012) ; Stochastic Dynamic Programming (SDP) (Liu, Zhao, Li, & Shen, 2012; Mythili et al., 2013) and Heuristic Programming such as Genetic algorithms (GA) (Ghadami, Ghahraman, Sharifi, & Mashhadi, 2009; Karamouz, Abesi, Moridi, & Ahmadi, 2009) , Shuffled Complex Evolution, Fuzzy logic, and Neural Networks etc. (Long, 2006; Wei & Hsu, 2008) . In spite of extensive research in reservoir optimization, researchers are still in search of new optimizing techniques, which can derive more efficient reservoir operating policy for reservoir operation.
Furthermore, many of the aforementioned techniques have been implemented in realistic scenarios, and many reservoir systems worldwide are operated based on the decision rules generated from these techniques. However, there exists a gap between theory and practice, and full implementation has not been achieved yet (Labadie, 2004) . The use of Genetic Algorithm in determining the optimal reservoir operation policies, is receiving significant attention from water resources engineers. One of its advantages is that it identifies alternative near optimal solutions and can be used in identifying effective operation policies and solving problems in water resource development (Ahmed & Sarma, 2005; Akoshile & Olaoye, 2009; Alireza, Sedghi, Fahmi, & Musavi, 2010; Mathur & Nikam, 2009) . Genetic Algorithm as a technique can be applied to solve variety of optimization problems that are not well suited for standard optimization algorithms, including problems in which the objective function is discontinuous, non-differential, stochastic or highly non linear. The technique is an effective search method for modeling the operation policy of a multipurpose reservoir which leads to a more realistic and reliable optimal value for the improvement of hydroelectric power generations and flood management The Genetic Algorithm is one such optimizing technique that is robust and is considered in this study for deriving multipurpose reservoir operating policies. The basic difficulty a reservoir manager faces is to take a real-time optimum decision regarding releases according to the future demand and inflow. The focus of this study is to apply effective search method for modeling the operation policy of a multi-purpose reservoir. The objectives are to: (i) study the present reservoir operating rule; (ii) model the reservoir parameters such as (inflow, elevation, turbine release, generating head, energy generation, tailrace water level and plant coefficient); and (iii) solve the problem using Genetic Algorithm.
Methodology

Description of study area
Jebba Hydroelectric Power Station is along River Niger, Nigeria, located between latitudes 9 o 10′ N to 9 o 55′ N and longitudes 4 o 30′ E to 5 o 00′ E at 76 m above sea level (about 100 km downstream of Kainji dam). The station is still one of the most cost-effective sources of electricity in Nigeria. It has maximum length of 100 km (km), maximum depth of 32.5 km, maximum width of 10 km and a mean depth of 3.3 m. The surface area is 350 km 2 , maximum volume of 1,000 × 10 6 m 3 , operating head of 27.6 m and maximum flow per unit of 380 m 3 /s. The dam, which has a generating capacity of 540 MW from six (6) turbines of 95 MW of power each, is enough to power over 364, 000 homes at operating head of 27.6 m. Each turbine is coupled to a generator of 119 MVA maximum continuous rating and 103.50 MVA base load rating. All the turbines are connected in the switchyard through 330 kV switch gears into 330 kV bus-bars "A" and "H" with tow outgoing lines B8 J and B9 J to Jebba Transmission switch yard (Goldberg, 1989) . The dam was developed and constructed in 1979 and there has been no overhaul of the dam in twenty-five years. However, routine minor and major repair works, and preventive maintenance have been carried out Figure 1 . This has kept the station performance well above average. Figures 2 and 3 show the locations of River Niger Basin and that of Jebba dam.
Optimization models
Optimization models are based on clearly defined goals (objective functions), criteria for evaluation of control decisions, and constraints as limitations during optimization. John (2004) expressed that in reservoir optimization models, objective functions such as efficiency (i.e. maximizing current and future discounted welfare), survivability (i.e. assuring future welfare exceeds minimum subsistence levels), and sustainability (i.e. maximizing cumulative improvement over time) should be incorporated. The criteria are economic, social and environmental issues. The typical constraints in a reservoir optimization model, (including conservation of mass and other hydrological and hydraulic constraints, minimum and maximum storage and release, hydropower and water requirements as well as hydropower generation limitations) are presented in Equations (1) where: S (t + 1) is storage at time step t + 1; S (t) is storage at time step t; I (t) is the reservoir net inflow at time step t (including reservoir inflow, precipitation and evaporation); R (t) is the reservoir outflow at time step t. T is the total number of time steps in the considered period.
(b) Constraints on discharge are defined by maximum and minimum permissible reservoir releases:
(c) Constraints on storages are defined by maximum and minimum permissible reservoir storages:
(d) Constraints on elevations are defined by maximum and minimum permissible water level at specified sites:
(e) Constraints on hydropower generations are defined by maximum capacity and minimum requirement of hydroelectricity:
HP(t) is a nonlinear function of S(t) and R(t).
Optimization problems can generally be either single-objective or multi-objective. The main concern of single-objective optimization is to define the minimum or maximum value of an objective function, depending on the goal. The single-objective is just measuring the goal of operation of a single-purpose reservoir, or it may weigh different objectives using a fixed set of weights for operation of a multi-purpose reservoir. It can provide operators with direct decisions for reservoir operation. However, in most cases operation objectives have trade-offs, and hence single-objective optimization cannot provide a unique optimum solution. In such situations improvement of some objectives cannot be achieved without the sacrifice of others. The goal of the single-objective analysis should be replaced by the concept of "non-inferiority" in the multi-objective analysis (Mays & Tung, 2002 ). An operation decision based on the solution of a multi-objective optimization problem requires that the operator expresses his/her preference by choosing the most suitable solution in the set of optimal solutions. Multi-objective optimization refers to problems with several objectives that are expected to be fulfilled simultaneously. The objectives are however often in conflict with each other and measured by different units. Equations 6 and 7 show in general, a formulated multi-objective reservoir operation problem:
where F j (X), j = 1, …, N are the objective functions.
X is a vector of decision variables.
q i (X) are constraints that define the feasible of solutions.
A number of techniques to solve multiple objective function optimization problems have been presented in the literature. They can be classified into two main groups:
(i) aggregation approaches;
(ii) Pareto domination approaches.
In the first approach, the priorities of the objectives are established, whereas in the second approach, no preference information is considered or is available before the search (Burke & LandaSilva, 2006 ).
Formulation of reservoir operation problem
System and problem description
The reservoir arrangement and Bacita irrigation projects is shown in Figure 3 while the basic data on hydropower system is given in Table 1 . The section under consideration has four flow gauge sites (at sites 1, 3, 4, and 5) a flood prone area at site 6, hydropower reservoir (at sites 2), and an irrigation projects at site 7. The optimal monthly releases from the reservoirs are determined subject to various constraints. Maximization of energy output is considered as the objective function, while reservoir characteristics, the irrigation requirements and flood control are included in the constraints.
Objective function
The objective function is:
Maximize the annual energy generation for the Jebba hydropower plants. Using the numbering system in Figure 3 (2 stands for Jebba), this gives:
where:
Z is total annual energy generation (MWH) E 2t is monthly energy generation at Jebba H.P dam (MWH) Energy can be calculated as shown in Equation (9) as Then, the objective function becomes Furthermore, the generating head (H 2t ) in Equation (10) can be expressed in terms of reservoir storage and minimum operating reservoir elevation as given in Equation (11), which on substituting in Equation (10) will give Equation (12). where:
H r f S 2,t is the average reservoir elevation expressed as a function of the average reservoir storage. It can be obtained by regression of reservoir elevation as a dependant variable and reservoir storage as the predictor. 
Model constraints
The objective function is to be maximized subject to the following constraints.
The mass balance between the inflows and the outflows is given as follows where:
S 2,t+1 = final storage (initial storage of the next season) for period t + 1, (Mm Equations (14) and (15) 
Data collection and analysis
Hydropower data such as the average of reservoir inflow (I), storage (S), elevation (H), turbine release (Q), energy generation (E), and tail race water level (T) for period of 27 years (1984 -2011) at the Jebba Hydropower station were obtained. The data collected were subjected to statistical analysis to obtain statistical parameters such as mean, median, standard deviation, skewness, coefficient of variance, maximum and minimum values as shown in Tables 2-7. Tables 2-7 show average monthly statistical summaries for reservoir inflow, storage, elevation, turbine release, energy generated and tailrace water level, respectively.
Model solution for categories of reservoir inflows
3.1.1. Operation performance of the hydropower reservoir system under reservoir inflow 95, 90, 75 and 50% Reliability In solving the formulated model for the hydropower reservoir system and to estimate other associated parameters, MATLab software for Genetic algorithm was used. For comparison and also to serve as a check, another optimization software (LINGO) was utilized. Its outputs were compared to that of Genetic Algorithm which shows that the outputs are satisfactory. LINGO has the ability to solve nonlinear models, and the availability of the set or vector notation for compactly representing
large models (Lindo Systems, 2003) . The optimal solution obtained at operation performance of 50% reservoir inflow reliability has the total annual energy generation of 42,105.63MWH. The optimal solutions obtained in both Genetic Algorithm and LINGO is presented in Tables 8 -15 . Figures 6-14 show the comparison of optimal outputs generated from Genetic Algorithm and LINGO for the various variables obtained for the 50% inflow reliability. The Genetic Algorithm for the total annual energy generation at operation performance of 95, 90 and 75% reservoir inflow reliability are 21, 737.61MWH, 25, 650.76 MWH and 30, 926.75, respectively. In Tables 8-15 , the meanings of symbols for the variables used are as follows: 
Discussion of results
The objective function is to maximize the annual energy for the Jebba hydropower plant which also is the fitness function. The equation for the fitness function is shown in Equation (12) where the average reservoir elevation is expressed as a function of the average storage which is obtained by regression of reservoir elevation as a dependant variable and reservoir storage as the predictor. The model constraints were clearly stated and explained in Equations (13)-(18). This is the general optimization model formulation with the average monthly model fully established and solved. The reservoir inflow is fitted into normal distribution based on the monthly mean and standard deviation of the historical data. The predicted reservoir inflow of 50, 75, 90, and 95% probabilities of exceedence and statistical parameters are presented in Table 16 .
The high spread of inflow, storage, energy generation and turbine release and the hydrological process data are scattered and non-uniform throughout the years. However, it is clear that four parameters (inflow, storage, energy generation and turbine release) are closely related. It was observed that the mean expectations on both the observed and estimated parameter values are the same for all parameters of inflow, storage, elevation, turbine release, energy generation and the tailrace water level. The model fitting charts for all the parameters show that the predicted values begun slightly above the observed values and ends slightly below the observed values. In the probability of exceedence (reliability of flow) computed using normal distribution, the values are in ascending order of 50, 75, 90 and 95% which also corresponded to the outputs obtained with Genetic Algorithm and LINGO for all parameters.
The average optimal energy generation obtained is 19% of the observed energy generation but with adequate water supply for downstream users and for irrigation at Bacita sugar plantation throughout the year. The annual optimal evaporation losses is averaged at 58.16 Mm 3 . In the comparison charts for Genetic Algorithm and LINGO, the trend lines on all charts appeared slightly parallel to one another but with larger outputs for LINGO than that of Genetic Algorithm on turbine release, initial reservoir storage excess release, water available for downstream users and the energy generation. However, the optimal inflow, evaporation losses and the incremental inflow from Jebba to site 4 (Yelwa gauge site) yielded the same outputs on both Genetic Algorithm and LINGO. Table 9 . Genetic algorithm output of reservoir operation performance under reservoir inflow of 75% reliability Month Table 10 . Genetic algorithm output of reservoir operation performance under reservoir inflow of 90% reliability Month Table 11 . Genetic algorithm output of reservoir operation performance under reservoir inflow of 95% reliability Month Table 12 . LINGO output of reservoir operation performance under reservoir inflow of 50% reliability Month Table 13 . LINGO output of reservoir operation performance under reservoir inflow of 75% reliability Month One unique pattern is the variation of flow pattern within the months of July through to September for both optimization models. This is actually about the time that the hydrological events peak up. 
Conclusion
The optimal solution obtained at operation performance of 50% reservoir inflow reliability has the total annual energy generation of 42,105.63MWH. The Genetic Algorithm outputs for the total annual energy generation at operation performance of 95, 90 and 75% reservoir inflow reliability are 15, 964.48MWH, 21, 009.53 MWH and 20, 798 .58 MWH, respectively. In the probability of exceedence (reliability of flow) computed using normal distribution, the values are in ascending orders in the . It can then be summarized that GA can be applied to develop the optimal operation of a reservoir system. In case of changes in the operating conditions that could arise due to change in hydrological factors, the methodology developed in this study can be used to develop a new rule curve for reservoir operation. The application of Genetic Algorithm will lead to a more realistic and reliable optimal value for the improvement of hydroelectric power generations and flood management, which would guide decision makers in the power sector.
